Abstract-Recently, detecting upper-limb motion intention for prosthetic control purpose attracted growing research attention. In most of the studies, recordings of forearm muscle activities were used as the signal sources, from which the intention of wrist and hand motions were detected using pattern recognition technology. However, most daily-life upper limb activities need coordination of the shoulder-arm-hand complex. The disadvantage of relying only on the local information to recognize a whole body coordinated motion is that misrecognition could easily happen, so that steady and reliable continuous motions could not be realized. Moreover, using forearm muscle activities would limit the use of the system for higher level amputees.
INTRODUCTION
In recent years, detecting upper-limb motion intention for prosthetic control purpose attracted growing research attention [1] . It has been reported that, up to 10 wrist and hand motions could be recognized from 2-3 channels of forearm electromyogram (EMG), for the use of prosthetic hand control [2] [3] . Instead ofEMG detected during the motion, non-stationary EMG at the beginning of motion [4] , mechanomyogram (MMG) was used as the signal source for the motion intention detection [5] .
In most of the studies, recordings of forearm muscle activities were used as the signal sources, from which the intention of wrist and hand motions were detected using pattern recognition technology. On the other hand, most daily-life upper limb activities need coordination of the shoulder-arm-hand complex.In the motor control research area it has been shown that during grasping and reaching [6] [7] [8] [9] , and feeling with the fmgers, or more sportive motion, such as throwing or catching a ball, the trajectory of the elbow, shoulder and hand are tightly coupled [10] Yuse.Horiutch is with the Medical System Engineering,University of Chiba,Japan(e-mail: grand.world.0514@graduate.chiba-u.jp). Toshiharu.Kishi was with the Medical System Engineering,University of Chiba,Japan.Jose Gonzalez is with the Medical System Engineering,University of Chiba,Japan.Wenwei Yu is with the Medical System Engineering,University of Chiba,Japan(email:yuwill@faculty.chiba-ujp). This coupling is also task and situation dependent, such as reaching and grasping an object in different places and/or in different orientations [11] .
The disadvantage of relying only on the local information to recognize a whole body coordinated motion is that misrecognition could easily happen, so that steady and reliable continuous motions could not be realized. Moreover, even if the intention was correctly recognized, the realized prosthetic hand motion would only be compliant to the local region of body, thus unnatural from the viewpoint of the whole body coordination. Furthermore, using forearm muscle activities would limit the use of the system for higher level amputees.
Recently, the research effort using shoulder muscle activities to differentiate hand motion has been reported [12] . However, forearm muscle activities (flexor carpi radialis and extensor carpi radialis) were used in the research, moreover, only 3 arm motions were addressed.
The objective of this study was to investigate whether it is possible to associate the around-shoulder muscle activities with the motions of hand and direction of arm movements. Experiments were conducted to record the EMG of different arm and hand motions. The data were analyzed to decide the contribution of different EMG sensor sites, and the possibility to distinguish the arm, hand motions.
II. MATERIAL AND METHODS

A. Subject
Four male subjects with age 23.75±2.06 participated in the experiments. They were informed about the experimental procedures and asked to provide their consent. All subjects were healthy with no known history of neurological abnormalities or musculo-skeletical disorders.
B. Experimental setup
Subjects sat comfortably in front of a table and they were asked to move, starting from an assigned position, the dominant arm toward an end-position and then to grasp an object (see Figurel). Each subject had to push a switch (switchl) with a non dominant hand when they started. Then he extended his arm and hand to reach and fmally grasp one object that is one of three different objects(see Figure2), placed at one of five different positions. Note before the subject began to grasp, he was required to push another switch (switch2) which is on the object to denote the end of the reaching movement. 
D. Feature extraction
EMG signals were processed by a 50 Hz high-pass filter for suppression of the motion-related artifact, then rectified, and filtered by a 2Hz low-pass filter. The EMG signals of reaching phase were extracted using the two switching signals of switch I and switch2. Then the reaching phase was equally divided into 10 segments. Two features were employed. One is the mean value(MY), expressed by equation (1) .
Two kinds of discrimination were tested: (i) discriminating object/grip (gl , g2, g3) for each final position (p1, p2, p3, p4, p5). This is called disc i in the following description.
where, is L Sm(tJ the preprocessed EMG at ti ; 1j is i= O the starting point of data segment j; T is the length of each segment. MI0 is the mean value for the segment j.
Another feature is the peak value of muscle activation (P VM) of each segment.
Both MY and PYM were nannalized for the further analysis.
E. Method ofAnaly sis
A classifier based on K-means was used. This method calculates the distance between an input vector and the center of gravity of existed clusters Cl ,C2, .. . ,and ci, and assigns the input vector to the cluster to which the distance is minimum. Then the cluster will be updated to contain the new input. Distance was calculat ed with the following expression.
g3: a downside g2: a spherical g I: a palmar grip
The movement started from a position at which the hand was flat on the table naturally. The objects were placed in order to allow the subjects to perform the maximal elbow extension in all five directions (see Figure 1) . The height of the chair was regulated so that the elbow has been supported on the table with an angle of 90 0(maintaining the trunk erected). Each subject grasped, at a self-paced speed. For each object,each subject was asked to do nine times for each positions, which caused totally 135 (3x5x9) grasping trials. There was a rest period of a few seconds. Subjects were requested not to bend and rotate the trunk, and to prevent translational motions at the shoulder. 
C. Devices
Raw EMG signals were recorded at a 2.0KHz sampling frequency and stored for an off-line analysis. Eight sensors of EMG were put on the skin surface, aiming at recording the following muscle activities(s ee Figure 3 ).
1. the clavicular part of pectoralis major muscle, 2. acromial part of deltoid muscle(central fibers), 3. clavicular part of deltoid muscle(anterior fibers), 4. serratus anterior muscle, 5. ascending fibers of trapezius muscle, 6. infraspinatus muscle and infraspinous fascia, 7. teres major muscle, 8. descending fibers of trapezius muscle. Disposable solid-gel Ag-AgCl surface electrodes(Biorode SDC-H,GE Yokogawa Medical Systems,Japan) were used for EMG recording. After skin surface was cleaned with alcohol, electrodes were located for an optimal signal detection according to [13] , and preliminary experiment results of our research group. The data collection and data analysis were done using Labview (National Instrument) in (ii) discriminating final position (p I, p2, p3, p4, p5) for each object/grip (g I, g2, g3). This is called disc ii in the following description. 1f70% of the grip or position were correctly classified, then the segment is called an effective point, otherwise it is called an invalid point. Examples of an effective point and an invalid point of disc_i were shown in fig. 4 (a), and (b) , respectively. For both discrimination methods, the total point number is 2xlO =20.
In the first stage of analysis, the features extracted from all 8 channels were fed into the classifier. Then a feature selection method was suggested to investigate the different contribution of each channel. that of the other positions. This was also observed for the other subjects. Table I shows the correct rate of one effective point of the case shown in fig. 5 , which means that for subject C, at 90% segment, the g2 could be recognized with a high accuracy. Table 2 shows the effective number for all 4 subjects. 
Results
A.Using 8 features.
reac hing time (%) 10 mot ion Fig. 6 the correct rate of one subject C, using MV as feature and 8 features from all EMG channels, in disc_ii, for p3 position Figure 6 shows the correct rate of one subject C, using MY as feature and 8 features from all EMG channels, in disc_ii, for p3 position. The vertical axis represents the different object/grip (i.e., g l-g3). Table 3 shows the correct rate of three effective points of the case shown in fig. 6 , which means that for subject C, at 80%, 90%, 100% segments, the p3 could be recognized with a high accuracy.
The correct rate for g3 is higher than that of the other grips. This was also observed for the other subjects. Table 3 shows the correct rate of 3 effective points of the case shown in fig.  6 , which means that for subject C, at 80%, 90%, 100% segments, the g2 could be recognized with a high accuracy. from all EMG chann els, in disc_i for object/grip g2 Figure 5 shows the correct rate of subject C, using PYM as feature and 8 features from all EMG channels, in discj for object/grip g2. The horizontal axis stands for the segment (that is, for example 10% of the reaching time), the vertical axis represents the final reaching position (i.e., p l-p5), and the z axis shows the correct rate.
The correct rates for p3 and p4 positions are higher than Table 4 shows the effective number for all 4 subjects. 
B. Selecting effective features
A Tukey-Kramer test was performed to decide each sensor's contribution to the discrimination of position pairs. Table 5 shows the results. Table 5 pi/pj means the discrimination between pi and pj o significant difference x no significant difference 4 features (i.e., 4 sensors) were selected by choosing the direction pairs with smaller sensors from total_h column (which stands for the exploration of th direction pairs difficult to discriminate), then looking up the sensors that not only enables the discrimination of those direction pairs, but also provides the discrimination for more other pairs. This method is not optimal for the discrimination in terms of the candidate number and feature combination, however, the general information sufficient for discrimination of all directions (final positions) could be expected.
Comparisons between the discrimination using 4 selected features and 8 features for disc_i were made by Table 6, 7, 8,  showing the effective points whose correct rates were improved, unchanged and decreased, respectively. By using the selected features, the correct rates of 13 effective points were improved, 10 were unchanged, and only 3 were slightly decreased. Especially, correct rates of p5, which were quite lower by using 8 features, were improved greatly. Table 6 The comparison between the discrimination using 8 features and 4 selected features for disc_i: the effective points whose correct rates were improved. The figure in the bracket shows the correct rate using 8 features. The figure in the bracke t shows the correct rate using 8 features. The figure in the bracket shows the correct rate using 8 features.
Through a similar comparison for the disc_ii, the same tendency could be observed. Since the limit of page, the details of the comparison are not shown in the paper, the number of the effective point whose correct rates were improved, unchanged, decreased, are 34, 44 and 6, respectively. This clearly denotes that the correct rates could be improved by appropriately select the features.
IV. Discussion Table 9 shows the appearance frequency of the sensors in the effective points. The sensor sites 1, 2, 3, 5 were also employed in [12] and other early studies of shoulder-armhand complex. However, through the comparison, it is clear that 6, 7(teres major muscle) , 8(descending fibers of trapezius muscle) also play an important roles in discriminating arm hand motions. Conclusions and Future Directions
In this study, through the analysis of experiment data, it turns clear that it is possible to distinguish the motion direction of arm and the hand grip motion from the aroundshoulder muscle activities. Moreover, the muscles contributing to the discrimination include not only pure shoulder muscles, but the other muscles around shoulder. This is certain, since most daily life motions are whole-bodycoordinated. Furthermore, the appropriate combination of muscle sites could improve the discrimination.
In near future, the experiment should also conducted to the amputee subjects, and real-time detection of the arm-hand motions from around-shoulder muscle activities should be explored.
